Pervasive healthcare is an emerging technology that aims to provide round-the-clock monitoring of several vital signs of patients using various health sensors, specialized communication protocols, and intelligent context-aware applications. Pervasive healthcare applications proactively contact the caregiver provided any abnormality arises in the health condition of a monitored patient. It has been a boon to the patients suffering from different diseases and requiring continuous monitoring and care, such as, disabled individuals, elderly and weak persons living alone, children of different ages, and adults who are susceptible to near-fatal falls or sudden increases in blood pressure, heart rates, stress level, etc. Existing surveys on pervasive healthcare cover generic techniques or a particular application, like fall detection. In this paper, we carry out a comprehensive coverage of several common disorders addressed by pervasive healthcare in recent years. We roughly classify different diseases by age groups of patients and then discuss various hardware and software tools and techniques to detect or treat them. We have also included detailed tabular classification of a large selection of significant research articles in pervasive healthcare.
INTRODUCTION
Healthcare is an industry which grows rapidly all over the world with an extreme pace. Both social and commercial implications of healthcare are manifold. Traditional healthcare services have two major drawbacks. Firstly, they are not available all the time and everywhere. Ailing individuals have to visit the caregivers or vice versa in order to start the treatment. This puts a constraint on elderly and/or disabled people living alone and requiring sudden medical attention to thwart possible long term handicap. Secondly, prevailing healthcare infrastructure and personnel are insufficient to cater to the needs of the increasing population. Moreover, the changing demographics, like the rapidly aging population in most parts of the world, and factors like pollution and stress put considerable strain on the already fragile healthcare infrastructure.
In order to address the above challenges, and to ensure maximum coverage, quality, and efficiency of healthcare services to everyone, everywhere, and all the time, pervasive healthcare solutions have been proposed which uses wearable sensors, wireless communications, and mobile computing to achieve its objectives. Rapid growth of sensor enabled smartphones has increased the outreach of pervasive healthcare. Today most of the mobile phones have a number of specialized sensors attached to them including accelerometer, proximity sensor, gyroscope, microphone, camera, light sensor, barometer, magnetometer, GPS, etc. Smartphones can be used to capture vital signs of users and alarm them accordingly if any aberrations are noted [Khan et al. 2012] . In case of serious injuries, caregivers can reach the patient by tracking his GPS coordinates. Sensor data collected over longer time period is analyzed through intelligent techniques to find out disorders which are not readily observable during the usually short patient-doctor interactions. Also, manual errors in vital signs or medical test data analysis can be reduced by using automated techniques.
Pervasive healthcare ensures remote monitoring of older individuals, especially those with Alzheimer's disease, Parkinson's disease, stroke patients in their rehabilitation phase, etc., who need continuous and ongoing medical support and care. Ambient sensors, like video cameras or image based sensors can be used to track the indoor activities and can raise alarm for unusual activities, like fall ] [Schulze et al. 2009 ] [Smith and Bagley 2010] . Video sensor based systems are also developed to help physically challenged people who suffer from the severe disabilities like amyotrophic lateral sclerosis (ALS) or cerebral palsy in which user have ability to move his eyes or head only [Ishimatsu et al. 1997] [Krejcar 2011] [L.J.G. et al. 2011 ] [Su et al. 2008] [Takami et al. 1996] .
In this paper, we carry out a survey of pervasive healthcare techniques along with the related tools and technologies. There are several existing surveys [Acampora et al. 2013] [ Alemdar and Ersoy 2010] [Pantelopoulos and Bourbakis 2010] [Varshney 2007 ] [Orwat et al. 2008] on using pervasive computing technologies in healthcare. [Acampora et al. 2013] discusses the infrastructure and enabling technologies required for applying Ambient Intelligence (AmI) techniques in the healthcare domain. They also summarize a set of algorithms and methods, like activity recognition, behavioral pattern discovery, decision support systems, etc. They finally include a set of existing applications of AmI, such as, continuous monitoring, smart hospitals, therapy and rehabilitation, assisted living, etc. [Alemdar and Ersoy 2010] discusses an unified architectural model and different wireless networking technologies followed by various pervasive healthcare applications. They studied the use of WSN in different healthcare applications, such as, fall and activity detection, location tracking, vital signs and medication intake monitoring, etc. [Pantelopoulos and Bourbakis 2010] reviewed several existing wearable bio-sensor systems and identified different qualitative and quantitative features, such as, wearability (light weight and small size), cost, etc. Then they assign some weight to the feature signifying the relative importance of the feature. Based on that, they classified the existing systems. [Varshney 2007 ] focuses on applications and requirements of pervasive healthcare, health monitoring using wireless LANs and ad hoc wireless networks. Their paper is focused more towards the wireless health monitoring technologies and less towards healthcare techniques, like disease detection and support systems. [Orwat et al. 2008 ] studies several pervasive healthcare research articles published during [2002] [2003] [2004] [2005] [2006] and identified 69 articles describing 67 different systems. These articles have been categorized into different classes, based on status of the system (prototype, clinical trials, etc), users of the system (patients, care givers), healthcare focus (cardiovascular, respiratory, neurological, etc) , and so on and so forth. The paper does not describe individual systems, but focus on a generic high-level classification of the systems. We, on the other hand, extensively study pervasive healthcare techniques adopted in detecting, monitoring, and treating various prominent health issues including disability, cardio vascular and stress related disorders, autism, cancer, obesity, falls, and Parkinson's disease. Our paper has been organized focusing on diseases or disorders mostly attributed to different age groups, like children, elderly, and adults. We also focus on health issues related especially to adult women and disabled individuals.
ENABLING TOOLS AND TECHNOLOGIES
Pervasive healthcare technique works by a reliable coordination of multi-sensor sensing, short range wireless communications, and data mining based decision making strategies [Seyed Amir Hoseini-tabatabaei et al. 2013] . Here we give brief accounts of various sensing, communication, and decision making techniques used in pervasive healthcare.
Sensor Technology
presents systems that can provide safety and health related services to elderly by recognizing their daily activities and their behavior.
Fall detection is challenging because it is difficult to distinguish between real falls and some other activities of daily living (ADL) or simple object falling events. Also, falls are of different types [Yu 2008] , like falls during sleeping (from bed), falls during sitting (from chair), falls during walking and standing on the floor, and falls from standing on some support, such as ladder or some stool.
Falls can be detected using both hardware-based and software based methods. Hardware based methods are those which use one or more assistive tools for uniquely identifying true falls in real-time using acceleration, body posture, and other useful parameters. Software based methods, on the other hand, apply widely available data mining techniques on pre-stored sensor data readings to identify falls from other daily activities. Fig. 2 shows afore-mentioned classification of several FDS. In-depth discussion of several hardware and software based fall detection mechanisms along with their characteristic features shall be discussed in Section 4.1.1 and Section 4.1.2, respectively. Hardware-based fall detection can be both manual and automatic. The manual fall detector works trivially by assuming that the person suffering from the fall shall voluntarily inform about his fall through some device, like pressing-a-button. However, this might not be possible always given the seriousness of the fall and the sense-state of the fallen individual. So, a more appropriate though difficult way is to detect falls automatically. Automatic fall detection can be of three types. The first one is post-impact fall detection which is an easier way given the difficulty of distinguishing falls from many other ADLs. Second type of automatic fall detection method uses several augmented wearable sensing devices as well as smartphones. The third and final type monitors ADL through audio/video recordings and then captures fall events from those streams. Below we discuss different types of fall detection techniques in more detail.
Parkinson's disease etc. Also, user may not be wearing the device when a fall occurred against the implicit assumption that the user is always wearing the device. This type of system can only be used in indoor environments. RFID communication technology used for these systems [Chen and Wang 2007] is free from the line-ofsight problem. However, it works only in a limited range of 20-100 meters.
Automatic Fall Detection.
Various automatic FDS have been designed which do not require manual activation. These systems may be impact based, accelerometer based or audio/video based which trigger the alarm automatically when it detects some fall. Automatic devices require some previous setup and the user need not bother about manually involve in initiating communication like in user activated systems. Automatic devices collect sensor data and detect fall detection based on some algorithms developed. This survey [Hijaz et al. 2010 ] conducts a survey on various automatic techniques and algorithms developed for detecting fall or any abnormality in daily activities. After an extensive study it defines the different techniques in three main categories: (1) Video Analysis Based; (2) Acoustic and Ambience Sensor Based; and (3) Kinematic Sensor Based.
Impact (Vibration/ Acoustic) Based. Impact-based fall detection is facilitated with the use of pressure sensors embedded in the floor mat. When a person falls, the resulting vibration is recorded and a fall detection mechanism is triggered. This kind of system works on the presumption that the vibration pattern generated by human fall is different than that produced by other ADLs and normal object falling [Alwan et al. 2006] . Another such work [Alwan et al. 2006 ] uses piezoelectric sensor embedded in the floor surface along with some mass spring arrangement and electronic device to detect the fall pattern. After detecting a fall they use telephone line to communicate with the caregiver. The accuracy reported is fairly high compared to previous works. An acoustic FDS has been introduced in [Zhuang et al. 2009 ] which uses input from a single microphone and models each fall or noise with Gaussian mixture model (GMM) and employ SVM on its kernel to distinguish between noise and real falls.
Accelerometer-based. Research works [Perry et al. 2009 ] have been carried out to show that the fall detection methods using accelerometer are more accurate and reliable compared to other methods. Accelerometers used are either embedded in smartphone [Sposaro and Tyson 2009] or they are wearable -worn in wrist, waist, trunk, chest, thigh, or even kept in pant pockets [Bourke et al. 2007 ]. Below we discuss the two types in more details. Earlier accelerometers used to be uni-axial but recent advancements in MEMS technology has led to the development of bi-axial and tri-axial accelerometers (TAA). One such system [Selvabala and Ganesh 2012] for fall detection uses a low power MEMS based accelerometer and Passive Infrared (PIR) sensor. Falls are detected based on voltage changes due to human activities. The system can distinguish between real falls of human being and objects of same weight with an accuracy of 99%.
-Smartphone-embedded. Smartphone embedded accelerometers and sometimes other external sensing entities attached to it are used to detect falls. One such system has been proposed in which uses HTC Google Nexus One smartphone (with an embedded accelerometer) and another external sensing unit with accelerometer. A fall alarm is raised only when an acceleration peak greater than 3g is followed by a period of 2500 ms during which no further peaks exceeding the threshold takes place. The accelerometer sampling rate has been set at 50 Hz. The 3g value is small enough to avoid false negatives so this paper discusses different techniques to avoid false alarms. A neural network based pattern classifier has been developed to distinguish real falls from sitting/lying, jumping/running/ walking, and hitting the sensor. PerFallD [Dai et al. 2010 ] is a Android G1 phone-based fall detection mechanism which uses two different threshold acceleration values. If the pre-specified condition about both acceleration values are satisfied fall is said to be detected. The smartphone can be attached with chest, waist, or thigh (pants' pocket), though placing it on the waist performs best with least false negatives and false positives. FallAlarm ] is a Nokia N95 smartphone based FDS which uses decision tree to analyze the data taken from the embedded accelerometer for detecting fall. Moreover, the device can also detect the location of the fall based on Wi-Fi signals.
-Wearable. There are various wearable accelerometer based FDS. [Karantonis et al. 2006] proposed a waist-mounted TAA based system to distinguish between period of activity, rest, posture, orientation, and events like walking and fall. Another TAA based FDS [Bourke et al. 2007 ] worn on trunk or thigh uses pre-defined upper (trunk) and lower (thigh) thresholds to distinguish between ADL and real falls. Another trunk-mounted TAA based system performs better fall detection using free fall characteristics based on 'free fall' and 'beginning to maximum peak'. Another accelerometer-based wrist-worn interactive device aims to prevent falls by continuously monitoring the user and providing feedbacks about actual risk. So this fall prevention system make user aware of adverse effects of falling. Experiments of fall-detection using a sensor-embedded vest [Bourke et al. 2008] worn under clothing has also been carried out. A hybrid of TAA and video camera based activity detection device called SmartBuckle [Cho et al. 2008 ] is mounted to belt and can detect human activities with an overall accuracy rate of 93%. It then extracts the features of different activities and classifies them using SVM. One such activity can be fall activity. Another system [Noury et al. 2000] with three different embedded sensors use piezoelectric accelerometer for vertical acceleration shock, position tilts switch for body orientation, and sensor for mechanical vibrations of the body. There are also several commercially available FDS, like LifeAlert. Wearable sensor-based fall detectors are easy to install and setup, easy to operate, and are cost-effective. However, they intrude upon user privacy [Mubashir et al. 2013] and may create discomfort. Also, user may forget ] [Fang et al. 2012] to wear them at all times. Fall detection may not be easy in these types of systems as it may depend on the position of sensor in the human body.
Audio/Video Based. Audio/Video based techniques for fall detection uses video camera [Schulze et al. 2009 ] [Smith and Bagley 2010] [Hsiao et al. 2011 ] [Lin and Ling 2007] to monitor people's ADLs and can detect falls using some threshold techniques. They are more advantageous than wearable device based techniques because they are less intrusive, can detect multiple events simultaneously, and also the recorded video can be used for remote and post verification and analysis. However, video camera surveillance is not available at every place and they suffer from serious privacy concerns. Video camera based fall detection techniques may be costly due to the requirement of large and expensive cameras to cover every corner of a house. One approach to use extremely low power cameras to automatically detect and localize falls has been proposed in [Williams et al. 2007 ]. Low power cameras are attractive choice but they are not computationally efficient to execute complex computer vision algorithms [Nait-Charif and McKenna 2004] [Töreyin et al. 2005] . Privacy concern of using a video camera has been checked in ] by using silhouettes instead of real human beings. It captures live video at 3FPS and extracts silhouettes based on statistically modeling a static background and then segmenting the human based on color information. After feature extraction from silhouette HMM is trained for temporal pattern recognition and it is used in future for recognizing similar activities. There are other works ] for activity recognition based on silhouette extraction. Other systems which use camera based fall detection are [Schulze et al. 2009 [Diraco et al. 2010] into 3 types -inactivity detection, shape change analysis, and 3D head motion analysis.
-Inactivity detection. It is based on the principle that fall will end with an activity period on the floor and head lies on the floor motionless or with very less motion at the end of process. [Nait-Charif and McKenna 2004] uses low cost wide angle cameras mounted on ceiling. [Jansen and Deklerck 2006] Extracts information from images obtained using 3D camera technology and combines that orientation information of the body with inactivity detection.
-Shape change analysis. Shape of person will change from standing to lying on the floor. The head lies on the floor at the end of fall with no or little motion. [Shieh and Huang 2009] Uses multiple cameras to fetch the images from different regions and then use falling pattern recognition approach to detect fall.
-3D head motion analysis. Based on the principle that vertical motion is faster than horizontal motion during fall and a fall is detected using 3D head velocities of head computed from 3D head trajectory. Head is chosen for tracking [Rougier and Meunier 2005] [Rougier et al. 2007 ] [Rougier et al. 2006] as it is visible most of the time and has a large movement during fall.
Software-based Fall Detection.
There are many accelerometer-based systems which apply data mining techniques over sensor-collected data to aid the detection of real falls. They mostly classify ADLs including falls using different data mining techniques as described below.
Support vector Machine (SVM)
. Several research works ] [Cho et al. 2008 ] [Hauptmann et al. 2003 ] use SVM to classify daily user activities. Williams et al. [Williams et al. 2007] , uses SVM to classify the activities as fall or no fall. Sometimes balance impairments in elderly may lead to falls. Feature extraction and classification using SVM has been carried out in [Khandoker et al. 2007 ] for automated screening of gait patterns related to balance impairments. Zhuang et al. [Zhuang et al. 2009 ] presents an acoustic FDS which uses input from a single microphone and models each fall or noise with GMM and employ SVM on its kernel to distinguish between noise and real falls. [Diraco et al. 2010] Bayesian segmentation is used to extract quantitative information about the subject under consideration and determine the distance of its center-of-mass from the floor plane. ] uses fuzzy logic to detach the moving object from human silhouette. Fuzzy logic is used in [Putchana et al. 2012] for movement analysis (over accelerometer data) to keep the computational cost low. The system can distinguish between different movements, like standing, sitting, forward fall, and backward fall. Highest accuracy for detecting standing position is 99.56% and for forward fall it is 96.34%. However, the accuracy drops to 89.26% for sitting and to 77.49% for backward fall.
K-nearest Neighbor (K-NN).
Value of k depends on the data. Higher value may reduce the effect of noise on classification but boundaries of different classes will not be much distinguishable [Liu et al. 2010] uses K-NN classification scheme to perform posture classification using ratio and difference of human body silhouettes. K-NN is used in [Ghasemzadeh et al. 2010] [Ermes et al. 2008] uses custom decision tree, automatically generated decision tree, ANN and Hybrid model for activity classification. Activity recognition was performed on features like mean, energy, entropy and correlation extracted from accelerometer data [Bao and Intille 2004] using decision table, instance based learning (IBL or nearest neighbor), decision tree and naive Bayes classifiers. Decision tree gave best result (accuracy over 80%) followed by nearest neighbor, Bayes, and decision table.
Parkinson's Disease
Parkinson's disease (PD) is a slowly progressive neurological disorder that affects movement, muscle control, and balance. PD was first described in 1817 by James Parkinson, a British physician who published a paper on what he called the shaking palsy. The exact cause of the disease is unknown, but scientists think that a combination of genetic and environmental factors can trigger it. Average age of the disease onset is 55 but about 10% of the patients are younger than 40 years old. There are rare chances of PD appearing in people before the age of 20, and the condition is called Juvenile Parkinsonism which is commonly found in Japan. PD is not fatal but can lead to severe incapacity within 10-20 years. It is estimated that 90% of people with PD suffer from speech and voice disorders. Vocal cords are damaged by this disease and creates an improper voice in the patient's speech [Shirvan and Tahami 2011] . So, various features of voice or speech can be extracted and analyzed to predict severity of PD. The Unified Parkinson's Disease Rating Scale (UPDRS) is the most reliable and widely used clinical rating scale (ranging from 0 (normal) -4 (severe)) to check the severity of PD. However, several key elements are not covered under UPDRS in order to make the scale reasonably simple and short. Moreover, some of the metric characteristics that support the validity of a tool have never been checked [MartinezMartin et al. 1994 ] for the UPDRS. Using UPDRS requires a trained Neurologist available only in the clinical environment. The scale is qualitatively interpreted, so there may be variation among multiple Neurologists. Also, the scale is ordinal, thus lacking a temporal parameter to evaluate the attributes of disorder in movement. Tremor characteristics and temporal attributes of PD can be readily quantified using accelerometer [LeMoyne et al. 2009 ]. Research works developing techniques to detect and to treat PD, and to assist PD patients have been summarized in Table 6 . [Okuno et al. 2007 ] [Okuno et al. 2006 ] uses TAA and touch sensors (made of thin stainless sheets) to be worn on the index finger and the thumb of the patient. A transfer function was designed which gives a relation between accelerometer readings and contact force between index finger and thumb. The collected data is evaluated by a neurologist and the UPDRS score for finger tap is calculated. The whole process shows that the contact force decreases with increasing score of UPDRS finger tap test and therefore finger tapping could be an important factor in determining the severity of PD. There are some systems [Shima et al. 2008] [ Kandori et al. 2004 ] which improves on finger tapping method by using 2 magnetic sensor coils attached to the distal parts of fingers. The output voltage is based on the distance between fingertips and is stored in a PC. Experimental results indicate that PD patients show larger variation in tapping rhythm than normal subjects. There are also some other finger tapping based PD detection systems [Stamatakis et al. 2013] Shima et al. 2009] . [Stamatakis et al. 2013] uses video camera to record finger tapping task and then scoring is done on the basis of MDS-UPDRS instructions [Goetz et al. 2008] . [Agostino et al. 2003] shows that compared to normal subjects PD patients are slow in finger flexion and switching between flexion and expansion. [Konczak et al. 1997 ] uses both finger tapping and lips movement performed simultaneously or in isolation for detecting the severity of PD. [Kupryjanow et al. 2010 ] uses a virtual-touchpad to capture the image of finger tapping and alternating rapid hand movements. SVM classifiers are used to distinguish between different such gestures and UPDRS test score is provided to detect the severity of PD. Fingerpad stiffness model [Shima et al. 2009 ] is developed to evaluate the relationship between finger pad forces and deformation caused during finger tapping movement. It is found that the forces generated by PD candidate differ from normal person. [Asgari and Shafran 2010b] . Speech rates of PD patients differ from normal persons, and it may be faster or slower as compared to that of a normal person [Schulz and Grant 2000] . Voice intensity reduction, unvarying pitch, breathy harsh voice, monotony of speech, and an abnormal rate of speaking are the main features of speech disorder in PD subjects that reduce overall intelligibility of speech [Asgari and Shafran 2010a] [Darley et al. 1969b ] [Darley et al. 1969a ] [Scott and Caird 1983] . Using the speech features like pitch, spectral entropy (differentiate between speech and noise), harmonic to noise ratio, etc. [Asgari and Shafran 2010a] [Asgari and Shafran 2010b] performs three different tests for PD, like sustained phonation (phonate vowels in clear and steady voice as long as possible), diadochokinetic (DDK) (how quickly a person can accurately repeat a sequence of syllable containing consonant-vowel combination) and reading. Ratings of severity of PD are measured using the features extracted from speech during those tests with the help different regression models. Best performance occurs when regression model is estimated by Epsilon SVM with polynomial kernel of degree 3. Another system [Bocklet et al. 2011 ] also uses SVM classifier to differentiate between the normal speech and speech of PD candidate. Temporospatial analyses of oropharynx structure, specifically the velum, are performed [Robbins et al. 1986 ] on the data collected by Video fluoroscopy monitoring during swallowing and speech production. These activities are chosen because oropharynx system is prominently involved in both the process and result shows that all the PD patients show abnormal movements of oropharynx structure. This kind of monitoring can be very helpful in detecting and managing aspiration (inhaling fluid or stomach contents) at early stage. Different approaches to treat speech disorders caused by PD are discussed in [Schulz and Grant 2000] . It concludes that neither pharmacological nor surgical methods like thalamotomy, Pallidotomy, fetal cell transplantation (FCT), and deep brain simulation can alone treat and improve the speech function significantly in PD subjects. Currently speech therapy with pharmacological methods is proved to be most effective for improving voice functions.
4.2.1.3. Spiral Analysis. PD generally affects elderly people and can be recognized with four cardinal features -tremor, rigidity, slowness of movement, and postural instability [Jankovic 2008 ] [Savitt et al. 2006 ] [Surangsrirat and Thanawattano 2012] . Some computer based tools for diagnosis of PD depends upon those four features. Spiral analysis is a computerized method that tries to detect movement related dysfunction from a simple drawing of Archimedean spirals in repetitive manner . Spiral analysis is based on the ability to draw straight line or circle either directly on a tablet or over a paper (which can be scanned and inserted in a computer). The drawings are then programmatically analyzed to calculate the mean and standard deviation of distances. This kind of analysis does not require any complex process. Many systems have been developed for spiral analysis. [Surangsrirat and Thanawattano 2012] uses touchscreen android OS tablet and asks user to trace Archimedean and octagon spirals with the help of stylus to detect severity of PD. [Dounskaia et al. 2009 ] asks user to draw on a digitizer-tablet with an inkless pen and the movements are recorded in orthogonal coordinate system. In [Miralles et al. 2006 ] user draws the spiral over a printed template which is later scanner with semi-automatic computer program. [Cunningham et al. 2009 ] uses a different strategy other than drawing line or circle as it asks user to click on the center of 10 different points shown in computer screen. Each point is divided into concentric circles and clicking the target on its outer radius or more deviation from the center shows the higher severity of PD. Unfortunately this deviation also occurs due to computer illiteracy and hence, it is difficult to determine the actual cause. [Westin et al. 2010] uses DWT and PCA to process the spiral drawings and then generates the test scores to quantitatively determine the impairment.
Inertial Sensor (Accelerometer/Gyroscope) Based Systems.
A three-tier system named Mercury Live [B.-R. ] uses accelerometer to collect data and web application to remotely connect with an expert. Physician can ask user to perform some motor tasks and evaluate the UPDRS score on the basis of real time data collected though wearable inertial sensors. In another system [LeMoyne et al. 2010] , iPhone containing inbuilt TAA is mounted on dorsum of hand through a glove. This system measures the severity of PD with the help of tremor attributes and sends collected data to a remote server for further processing and analysis. The preliminary evaluation and testing shows a positive result that tremor attributes can be successfully used for detecting PD while putting very less or no strain on highly specialized medical resources. In a system developed by [Hoffman and McNames 2011] , user wears accelerometer and gyroscope on second phalanx of his index finger and three finger tapping exercises (pad-pad finger tap, tip-knuckle finger tap, and hand-pronation supination) are performed twice each. Collected data is send to a nearby laptop with the help of Bluetooth connection and later processed with MATLAB. Overall assessment shows that inertial sensors can be very promising for quantifying motor impairment. Simple test such as timed up and go (TUG) is used to assess the mobility of a person but it's result is dependent upon the time measured by stopwatch and that is why it is not practical and easy-to-use. So to eliminate the limitations of existing methods, [Mariani et al. 2013] uses inertial sensors that are worn on shoes to analyze simple tests like timed up and go (TUG) and long distance walking which is practical and easier to use. Medication for PD falls under three categories. First one includes drugs that work to increase the level of dopamine in brain; second one includes drug that affects some neurotransmitters in the body to soothe PD symptoms, while the third one includes medications that help in controlling nonmotor functions that do not affect movement.
Surgical Treatments:
There are following surgical treatments available for PD.
Thalamotomy and Pallidotomy. They are the earliest types of surgery and they try to reduce the PD symptoms by destroying specific sections of brain. Pallidotomy works by removing a portion of the brain called the globus pallidus, while part of the brain's thalamus is destroyed in Thalamotomy. Although these surgical methods can improve the symptoms of tremor, they lead to permanent destruction of brain tissues and therefore these procedures are replaced by deep brain simulation [Schulz and Grant 2000] .
Fetal Cell Transplantation (FCT).
FCT refers to the replacement of dopamine releasing cells exactly where they are needed, in the striatum.
Deep Brain Simulation (DBS)
. DBS uses a medical device called brain pacemaker which sends electrical impulses to specific parts of the brain. DBS can be classified as open loop and closed loop DBS. Open loop cannot automatically adapt the simulation according to the patient's condition, and continuous high frequency electrical simulation delivered to the brain would cause side effects to the patient. Therefore closed loop DBS is a must for offering appropriate amount of electric simulation to the brain [Hu et al. 2013] . The mechanism of DBS is still unclear and this lack of understanding makes the selection of simulation parameters (i.e. voltage, pulse duration, and frequency) quite challenging [Santaniello et al. 2011 ] [Rosin et al. 2011] .
CHILD HEALTHCARE
Pervasive healthcare for children uses several technological solutions or supports to children in need. In 2011 Centers for Disease Control and Prevention (CDC) reported that during 1980-2008 obesity rates tripled for children. Obesity can lead to a number of diseases including high BP, diabetes, heart disease, joint problems, like osteoarthritis, sleep apnea, and respiratory problems, cancer, metabolic syndrome, psychological effects, etc.
Cerebral palsy is another child-specific disorder which can be defined as a group of non-progressive, non-contagious motor conditions that cause physical disability. Children with cerebral palsy may have difficulty in body movement and may fall frequently. System [Smith and Bagley 2010] have been developed to help children with cerebral palsy, which is kept in child's fanny pack in lower back for analyzing and assessing the impact of treatment on daily activities of child so that better medication can be adopted according to the child's performance.
Many other pervasive healthcare solutions have been developed to help children suffering from chronic pain [Cann et al. 2012] [Starida et al. 2003 ], autism [Chuah and DiBlasio 2012] [Matson et al. 2008] [Twyman et al. 2009 ] [Roberts et al. 2011] , and hypertension [Pruette et al. 2013] . Also, remote HR acquisition system [Marques et al. 2000] , training system for child minders [Fujiwara et al. 2011] , intelligent system for maternal and child-care [L. Chen et al. 2011 ], helps to provide better care to children suffering from different disease conditions. In Table 7 we have summarized various child healthcare systems. In the following subsection, we discuss pervasive healthcare solutions for autism in greater details.
Autism
Autism is a group of lifelong complex disorders of brain development, collectively called Autism Spectrum Disorder (ASD) [Yates and Couteur 2013] . The term "spectrum" refers to the wide range of symptoms, skills, and levels of impairment, or disability, that children with ASD can have. These disorders are characterized by difficulties in social interaction, verbal and non-verbal communication. Exact causes of ASD are not known but according to research both genes and environment play important roles.
50% of parents report autism features in their child by the age of 2 but 93% are able to recognize symptoms by age of 3. So the diagnosis age for autism is around 3-4 years before which it is hard to detect. A most recently adopted strategy is to record the video of daily activities of infants and let it be monitored by some expert to judge abnormal behavior or stereotypical activity. No test has been developed yet that can be performed to extend the capability of existing techniques to diagnose the ASD before age 2 [Matson et al. 2008] .
There may be several other reasons behind undetected autism for very long time such as child is not given much chance for peer interaction in society or school and there is no standard instrument to easily monitor the child [Robins et al. 2001] .
It is shown that there is much time difference between when parents are first concerned, first medical evaluation, and the age of first confirmed diagnosis. So it indicates that early intervention program may be very effective in well-being of child and his different activities in society. Early enrolment programs can address the speech, social behavior, and help the child to achieve educational and other goals [Twyman et al. 2009 ] [Roberts et al. 2011] .
Many systems have been developed to help autistic children. Stereotypical behaviors, such as body-rocking, hand waving, walking, jumping, etc. are exhibited by the children having ASD. The appropriate tools for behavior measurement are not either easily available or expensive to deploy. There are no systems available that can monitor the autistic children reliably and accurately. So the easy and low cost method for children behavior monitoring is performed by caregivers on their observations in classroom or at home. One such basic and simple method is paperpencil recordings in which stereotypical activities of autistic child are recorded by caregivers in home or school [Chuah and DiBlasio 2012] . But this method may not detect stereotypical behavior with full accuracy and also depend on expertise of caregivers to monitor and analyze the abnormal behavior. Data storage and sharing is also a bigger concern in this kind of approach [Ellertson 2012] .
The shortage of trained caregivers can be addressed by another method which involves video recording of behaviors and annotation of stereotypical activities by experts off-line on the server side. This method has an advantage that videos can be replayed and analyzed later in case of any question. This method is obviously more reliable and uniform than paper-pencil method but still very expensive, tedious, and time consuming [Sturmey 2003 ].
Both the methods mentioned above require one or more dedicated experts to analyze the child. To do away with this, some automatic systems have been proposed (as below) that can save cost as well as human effort.
[ Westeyn et al. 2005 ] presents an on-body sensing system for monitoring stimming (repetitive body movement) activities. 68.57% accuracy is achieved by using HMM which distinguishes between stimming and non-stimming behavior. But this system does not analyze real data as it contains the accelerometer data generated by mimicking the stereotypical behavior of autistic children. Also this data does not contain any sensor data that describe the autistic children's environmental contexts.
Smartphone based systems for Autism social alert have been proposed in [Chuah and DiBlasio 2012] and [Ellertson 2012 ] which employs several sensors to monitor children activities and also environmental context to remove the drawback of previous systems. GPS, Bluetooth, audio readings are helpful in providing information related to environment and TAA provides the information related to child movements. Video recording is also performed so that any unanswered question can be resolved easily. J.48 classifier from the WEKA package is used to classify the different activities using the data collected from various sensors and the triggering factor of particular activity can be analyzed with the help of recorded environmental data. The immediate action can be taken to give a child positive reminder if the factor behind that activity is well known [Chuah and DiBlasio 2012] .
Many therapies for autism have been developed in recent past, such as drug therapy, psycho-education, behavioral therapy, music therapy, etc. These therapies can be beneficial up to some extent but most of them are costly, abstract, complicated and takes a long time for treatment as well as learning the therapy. Compared to the other therapies which are entirely dependent upon individual interactions, a virtual community based treatment has been proposed in [Wu et al. 2010] . A virtual community consists of doctors, participants, and virtual space. Patients are often scared of real world, so this kind of community gives him a chance to interact with real world and show his unique talent. Different kinds of behavior and interaction between patients and virtual communities allow experts to analyze them differently and develop a healthcare plan according to the behavior shown.
A recent proliferation of dolphin-assisted autism therapy has become a focus area for public and researchers both. This therapy involves the interaction of autistic children with dolphins which may be on pool activities or out of pool activities. On pool activities include touching, patting, hand gesturing, and certain other tricks with the real dolphins; while out of pool activities include watching videos, listening recorded sound, touching and feeling the unreal dolphins which may be some model of dolphin prepared with the fibers. These set of out-of-pool activities prepare children to encounter the dolphins in reality. But it is reported that playing or swimming with real dolphins can potentially harm children and also it is not always available and affordable to everyone. The virtual reality concept is an emerging field that can remove the above limitations and studies Researchers [Lahiri et al. 2011 ] [Parsons et al. 2004 ][Lahiri et al. 2013 have shown that virtual reality concept has been widely successful and will play a significant role in developing various learning and communication skills in autistic children [Cai et al. 2013] .
ADULT/WOMEN HEALTHCARE
Women's health care is most important element of their lives shaping their ability to care for themselves and their families. According to the data presented in "Women's Health Care Chartbook-2011" [Ranji and Salganicoff 2011] while most of the women in US enjoy good health, more than one third of them almost 35% report chronic health conditions such as diabetes or hypertension and one fourth suffer from depression or anxiety. Poor women (33%) are at higher risk of health problems than high income women (11%) and also African women are more prone to diseases than white women. The rate of poor health, chronic diseases and disability increases as women get older which limits their daily activities.
There are pervasive healthcare solutions [Kanno et al. 2007 ] [Oda et al. 2007 ] to calculate menstrual cycle and next ovulation period for women using wearable temperature sensors. Also, there are systems [L. Chen et al. 2011 ] [Marques et al. 2000] for pregnancy time maternal and child health monitoring and care using different health sensors. More such systems have been summarized in Table 8 .
In the rest of this section, we shall discuss several widely experienced diseases common in both men and women of different ages.
Cardiovascular Disorders
Cardiovascular diseases (CVD), are a group of disorders of the heart and blood vessels. People in low income countries are more exposed to risk factors causing CVD, which results in to 80% of global deaths in low and middle income countries having equal proportion in both male and female. Multiple pervasive healthcare techniques to detect and prevent CVDs have been discussed in Table 9 .
Among the traditional techniques to monitor HRs are Holter monitors and ECG machines. Common Holter-based portable devices continuously monitor various electrical activities of cardiovascular system for at least 24 hours. However, these recordings are not only quite tedious and time consuming to analyze but also they do not provide any real time feedback [Z. J. Z. .
Electrocardiogram (ECG) is the most widely used clinical tool to measure the abnormal rhythms of the heart, and helps to diagnose properly. ECG machines are commonly used in hospitals and supervision is stationary by attaching electrodes to the body. But HR may not be abnormal while visiting a doctor [Z. ]. It may occur any time and ECG needs to be performed at the right moment to capture the snapshots in real-time. Also, ECG waveforms vary widely in nature, and in order to detect potential abnormalities, we need a system which can classify every possible ECG wave. However, that is a daunting task because no matter how much training data is used to train the classifiers it is hardly possible to cover every patient's ECG waveform. So some patient adaptable ECG classifier is required which is cost effective, portable and accurate. An effort towards that has been made [Hu et al. 1997] by proposing three ANN related algorithms, namely, self-organizing maps (SOM), learning vector quantization (LVQ), and mixture-of-experts (MOE) approach. They provide a personalized healthcare by developing an ECG classifier that further improves the accuracy of ECG processing. Several other ECG beat classifier algorithms [Osowski and Linh 2001] [Dokur and Olmez 2001] [Engin 2004 ] [Güler and Übeyli 2005] have been developed using fuzzy hybrid neural network. However, making classifiers that work equally well on all datasets is still a problem.
Pervasive healthcare can monitor vital signs in real time and raise alarms when something abnormal is noted. This may save lives both by alerting people to risks they are exposed to and by arranging medical care as and when required. (ECG sensors, electrodes, oximeter, accelerometer) interconnected to form a BAN and they report their readings to the user's smartphone. The smartphone is often connected with a back-end server for big data analytics. Depending on the available resources, the smartphone can either send all the sensed data ] to the back-end server or it can only send the abnormal data ] [Ho and Chen 2009 ] filtering the rest. Smartphone receives data from sensors via Bluetooth and forwards to the back-end server through GPRS or radio frequency. Many existing system [Klug et al. 2010] uses smartphone just for displaying the graphical results or the report in convenient manner.
Myocardial infarction (MI) (known as heart attack) occurs when normal blood flow stops in a part of the heart, due to narrowing or blockage of coronary arteries, causing necrosis (premature death of cells in living tissue) of heart muscles. Typical equipment for early diagnosis consists of Central Laboratory Testing (CLT) and Point-of-Care Testing (POCT). CLT provides accurate results incurring long testing delays, while POCT delivers quick but often inaccurate results. Research has been carried out to develop a body-mounted POCT device which uses a micro-needle to collect blood sample and to detect biochemical markers related to heart attack within 15 minutes.
Cancer
Cancer is the uncontrolled growth and spread of cells which can affect almost any part of the body. Cancer accounts for 7.6 million deaths (around 13% of all deaths) in 2008 and more than 10 million new cases come up every year. Most cancer deaths are caused by lung, stomach, colon, liver, and breast cancers. Pervasive healthcare research on cancer detection mostly depends on several data mining and decision making techniques.
Several decision support systems (DSS) have been used successfully in detecting different kinds of cancers. An accuracy of 96% was achieved using decision-tree learning to analyze mass spectra of prostate cancer patients [Adam et al. 2002 ]. An accuracy between 83-100% was achieved in applying a three-layer perceptron ANN with a back propagation algorithm to analyze mass spectra for predicting astroglial tumor grade [Ball et al. 2002] . SVM is used for cancer detection [Li et al. 2004 ] using serum proteomic profiling. A genetic fuzzy system [Shabgahi and Abadeh 2011] has been developed to detect cancerous tumor by exploring gene expression data. Genetic algorithm and self-organizing cluster analysis was used to detect ovarian cancer [III et al. 2002] with a satisfying result. Automated detection system for cervical cancer using digital colposcope can be used by trained workers to the affected people of remote locations [Das et al. 2012] . Liver cancer detection system [Pinheiro and Kuo 2012] is developed using data mining techniques Apriori and FPGrowth.
Mammogram breast X-ray imaging is considered the most effective, low cost and reliable method in early detection of breast cancer. A system [Mohanty et al. 2012] has been developed for early breast cancer detection, using mammogram digital imaging and association rule classifier which gave very good resullt. There is also a computer-aided breast cancer detection system [Alolfe et al. 2008] which classifies normal and cancerous tissues in digital mammograms using the K-nearest neighbor (K-NN) technique and gives the best result with k=1. Radar-based breast cancer detection system [Klemm et al. 2009 ] uses a Hemispherical Antenna Array and the beam-forming technique to successfully detect 4 and 6 mm diameter spherical tumors in the curved breast phantom.
Authors of [Delen et al. 2005 ] have compared the performance of ANN, decision tree, and logistic regression based techniques of predicting breast cancer survivability where the decision tree performed the best and the logistic regression performed the worst of the three models evaluated.
Diabetes
Diabetes is a chronic disease that occurs when either the pancreas does not produce enough insulin, or our body cannot use the produced insulin effectively. Raised blood sugar is a common effect of uncontrolled diabetes and over time it seriously damages the nerves and the blood vessels and may even lead to blindness, amputation, and kidney failure.
Telematic expert system Diabeto [Turnin et al. 1992 ] is a tool for diet selfmonitoring for diabetic patients which increases dietetic knowledge of patients and improves their dietary habits. Web-based system for decision support and telemonitoring of diabetes patients help in their self-management and provide a way of dealing with the complicated health issues [Ahmed 2011 ] [Roudsari et al. 2000] .
Several systems using decision support techniques have been developed for the diagnosis and prediction of diabetes mellitus.
Case-based reasoning stores past records and solves new problem based on them. This requires maintaining a huge database to provide full personalized recommendations. In order to overcome this drawback, ontology is used to reason about diabetes care concepts in case the case-based reasoning module cannot find satisfying cases. Sometimes, classical ontologies cannot sufficiently handle imprecise and vague knowledge for some real world applications. However, a system for fuzzy ontology can effectively resolve data and knowledge problems with uncertainty. A five layer ontology is developed in the fuzzy expert system to describe the knowledge with uncertainty for diagnosing diabetes [Lee and Wang 2011] . A neural network based approach [Singh and Kumari 2013] [Barakat et al. 2010] with an accuracy of 94%.
E-NOSE detects the possibility of diabetes [Siyang et al. 2012] on the basis of urine odor. Artificial urine was simulated for a diabetes patient by adding various concentrations of glucose into the pure urine samples. 8 TGS 826 commercial chemical sensors (gas sensor array) were used as the sensing elements of E-NOSE.
Asthma
Asthma is a chronic disease characterized by recurrent attacks of breathlessness and wheezing in which the patients' lung capacity is significantly diminished. During an asthma attack the bronchial tubes swell narrowing the airways and reducing the flow of air into and out of the lungs. Recurrent asthma symptoms frequently results into sleeplessness, daytime fatigue, and reduced activity levels. It is also the most common chronic disease among children.
Systems have been developed using different technologies and methodologies to diagnose, monitor, and manage asthma.
MBreath [Al-Dowaihi et al. 2013 ] is an asthma monitoring system which allows patients to self-monitor their symptoms and act accordingly. It also enables patients to inform the medics in case of emergency by using an Android mobile application and a web portal for medical staff. Another portable wireless sensor based asthma monitoring system [Cao et al. 2012 ] measures user's respiratory airflow, blood oxygen saturation, and body posture using a respiration-posture sensor node and an oximeter sensor node.
A smartphone based asthma monitoring system developed especially for children is DexterNet [192] which has a hierarchical system architecture to monitor and manage asthma using a Nokia 810 smartphone and an Aerocet 531 particle counter (to monitor air pollution exposure). The smartphone acts as a gateway of a Bluetooth connected BAN which has GPS, accelerometer, and gyroscope to monitor the activity, location, and air pollution exposure of the child. At the highest level many patient's data is shared through a global network which also connects care givers and asthma researchers.
MobileSpiro [Gupta et al. 2011 ] is a smartphone based self-testing and selfmanagement system for asthma patients. Spirometer is a device to measure the lung capacity of an asthma patient and can help check impending asthma attacks. Due to the difficulty in self-monitoring spirometer readings, many such tests fail to accurately capture lung capacity. In order to do away with the erroneous maneuvers by patients, MobileSpiro introduces an automated algorithm which works with more than 95% accuracy.
Another smartphone based asthma warning system [Chu et al. 2006 ] tracks user's outdoor location and warns about possible polluted locations by consulting with a remote server which has hourly air-pollution records of different locations.
An asthma monitoring system using audio data collects cough samples of asthmatic and non-asthmatic children using microphone. Then the features of cough sounds were extracted with the help of MATLAB which helps in diagnosis of asthma. The proposed system was tested on 20 samples which correctly classified 85-90% of the records.
Exhaled nitric oxide (NO) can also be used to detect asthma [Shelat et al. 2012 ] with the help of electronic nose (E-Nose) which is an array of chemical sensors. The NO level in asthmatic subjects were found to be higher than normal subjects.
Sleep apnea
Sleep apnea is a chronic condition characterized by infrequent breathing during sleep. Each pause in breathing may last from few seconds to minutes and may occur 1-100 times in an hour. With no or very little air passing through the blockage to the lungs, it may cause snoring and lower the blood oxygen level which usually disrupts the sleep. Usually with a loud snort or choking sound, the blocked airway opens and normal breathing resumes.
Most common type of apnea is the obstructive sleep apnea and it increases the risk of cardiac arrest, stroke, obesity, diabetes, headache, and hypertension. [Brooks et al. 1997 ] [Mannarino et al. 2012] . This disorder generally goes undiagnosed because it canot be detected during visits to the doctor or by blood tests.
Polysomnography [Flemons and Mcnicholas 1997 ] is a standard test for sleep apnea which requires the user to sleep in the hospital wearing many sensing devices. This test is very expensive as it requires sophisticated instruments and trained clinicians. A less obtrusive and non-invasive monitoring system is Actigraph [Sadeh and Acebo 2002] which is to be worn on the wrist and it records the sleep-wake patterns of the user.
Detecting sleep apnea using pervasive healthcare techniques consist mainly of three approaches. The first one is detecting and analyzing body movements and posture during sleep. The second one is measuring sleep-time blood oxygen level. The third one is measuring cardiac interbeat interval (IBI) during sleep. Both the approaches require using appropriate wireless sensors and body area network.
Based on the first approach, a sleep monitoring system [Hoque et al. 2010] has been developed based on Wireless Identification and Sensing Platform (WISP). WISP tags are attached to bed mattress and accelerometer data is collected to analyze the body movements during sleep. The system uses three tags to record the body movements and tries to classify sleep-time body postures over bed using different categories, like empty bed, lying over bed, lying on back, lying on left or right side, etc. More accurate results can be obtained by using more number of tags and by placing them in proper positions.
Using the second approach, pulse oximetry is used for determining the saturation of oxygen in blood [Oliver and Flores-Mangas 2007] . Usually oximeter's measurements are based on the physical phenomenon that oxygen level present is determined by the amount of light absorbed in hemoglobin.
Cardiac interbeat interval time series measured using ECG is used as the third approach to detect and diagnose obstructive sleep apnea [Mietus et al. 2000] . This is because, the HR of sleep apnea patients shows cyclic increases and decreases followed by the resumption of breathing. Another similar approach [Delibasoglu et al. 2011 ] prepares the time series of instant HRs (IHR) derived from overnight sleep ECGs which are then analyzed using wavelet decomposition. This approach tries to find a reliable and practical technique to detect sleep apnea by measuring the real time occurrences of sleep-disordered-breathing (SDB). This approach is implemented on segments of 6-minutes length IHR in which 4 th minute is considered apnea deciding minute. Wavelet decomposition has a success rate of over 96.6% in deciding whether a person have apnea or not.
HealthGear [Oliver and Flores-Mangas 2007 ] is a wearable and real time sleep apnea monitoring system which can detect sleep disorder like, snoring. However, HealthGear is just for detecting a disorder and some other technique is required to diagnose the problem.
A smartphone based approach to aimed at curing sleep apnea is the auto adjustable pillow system [Zhang et al. 2013] . This uses three blood oxygen sensors mounted on the user's fingertip to keep monitoring sleeping disorder by measuring blood oxygen level and pulse during night. The smartphone is used as a central controller which controls the adjustment of pillow on the basis of real-time feedback from a pillow adjustment algorithm. The system is divided into 4 modules; signal receiver, apnea detector, pillow controller, and presentation module. The last one can show the real time information, like oxygen level, apnea, and pillow status to the user and his family members.
We have provided a research summary of pervasive healthcare systems addressing sleep apnea in Table 10 .
Stress
Stress is a physiological response to the mental, emotional, or physical challenges that we all encounter at some point of time. During stress, our body secretes hormones, such as adrenaline, into the bloodstream which increases HR and BP and results in altered immune system. Acute (short-term) stress leads to rapid changes throughout the body which may develop many physical and psychological problems. Chronic (long-term) stress can have real health consequences, like hypertension or coronary artery diseases One of the conventional methods to characterize stress is conducting interview during a visit to an expert. But this approach gives a momentary snapshot which may not be same as actual patterns followed by daily mental or physical activities of the user. That is why continuous monitoring is essential for understanding and managing personal stress levels [Sun et al. 2012] . Physiological sensors can monitor user continuously and transfer the data to the smartphone carried by the user.
Smartphones are very useful [Bauer and Lukowicz 2012] for monitoring stress related changes in human behavior through different embedded sensor nodes. GPS and Wi-Fi are used to track user locations which are usually different for a user at stressed and stress-free times. Bluetooth is used to track user's social interactions which are usually more when the user is stress-free. Call behavior (whom the user contacted, how frequently, and what is the relationship) and SMS frequency are used to monitor user's behavior. Experiment on some students monitored during pre-and post-exam periods shows that the change in the behavioral pattern varies from person to person. StressSense [Lu et al. 2012] is another smartphone based system for stress detection which uses the Google nexus android smartphone and its microphone and video camera to detect stress. StressSense achieves an indoor and outdoor accuracy of 81% and 76%, respectively using GMM classification framework.
Physiological sensors such as Galvanic skin response (GSR), ECG sensors, respiration sensors, and skin temperature (ST) sensors are used in monitoring mental stress [Sun et al. 2012 . The advantage of physiological sensors is that they are unobstructive, non-intrusive and non-invasive. However, they require direct interaction between human and sensors. The data collected by physiological sensors are analyzed using several data mining techniques, such as SVM, J48 decision tree, Bayes network, and fuzzy logic. Real time stresslevel determination in drivers has been experimented in [Healey and Picard 2005] using ECG, EMG, GSR, and respiration sensors with an accuracy as high as 97%.
However, physiological signals like HR and skin conductance solely may not be suitable for stress detection as the HR may also increases due to physical activity. Segregating stress and exercise related changes in vital signs has been researched in [Sun et al. 2012] and the authors propose to use an accelerometer to monitor physical activities along with the ECG and GSR sensors which monitor the stress level. Collected data is classified using decision trees, Bayesian network, and SVM. Experiments conducted on 20 subjects, across 3 activities, sitting, standing, and walking, shows that by removing accelerometer, accuracy of stress detection in mobile environment decreases significantly. Decision tree classifier gives highest accuracy of 92.4% combining all features.
Another standard approach for detecting stress works by measuring changes in certain vital signs under duress/mental load using different sensor nodes [Zhai and Barreto 2006] [Choi and Gutierrez-Osuna 2009] . Then the collected data is classified using several data mining techniques into normal and stress conditions. One way of creating a stressful situation is through the classical stroop test carried out in an interactive manner, in which a user clicks on correct answer rather than stating it verbally. [Zhai and Barreto 2006 ] measures user's vital signs using GSR, Blood Volume Pressure (BVP), Pupil Diameter (PD), and ST sensors during a stroop test and then apply SVM to classify the state as stress or normal. Results show that the PD is the most significant feature in correctly determining mental stress. Another similar approach [Choi and Gutierrez-Osuna 2009] works by measuring HRs of user's while taking stroop Color Word Test (CWT) or Mental Arithmetic Test (MAT) and two other tests to induce relaxation, like deep breathing. The stress detecting system identifies stressful events with a high accuracy. One more approach [Mokhayeri and Akbarzadeh-T 2011] uses stroop CWT to produce stress situation. It utilizes video camera to monitor eye movements and ECG and PPG sensors to monitor physiological signals. After removing noises, like eye blinks using fuzzy filter, normalized pupil images are obtained. Pupil diameter and dilation accelerations are also calculated. Finally, fuzzy SVM is used to classify the features into stressed and non-stressed categories. This research also identifies the pupil parameters as the most important feature for stress recognition.
Different pervasive healthcare techniques to detect stress have been discussed in Table 11 .
Obesity
Obesity is regarded as a global epidemic resulting in many abnormal health conditions including heart disease, diabetes, various cancers, liver and gallbladder disease, sleep apnea, respiratory disease, reproductive health complications, and mental health disorders. Intake of high calorie food and beverages and sedentary lifestyle are the leading causes of obesity and related abnormalities [Khan and Siddiqi 2012] . Experiment performed on 8 severe obese (BMI >= 40.0kg/m 2 ) candidates have shown that after losing weight, their HR lowered significantly which clinically indicates decrease in heart risk [Poirier et al. 2003 ].
There are two ways to be fit; either user needs to be self-motivated for his fitness or he should be monitored continuously, so that, calorie intake approximates the calories expenditure. Pervasive healthcare research on tackling obesity has focused on these two pronged approaches, the first is diet monitoring and the second is urging the user to carry out fitness activities.
Diet monitoring is usually done by actually identifying food/drink intakes through camera or by indirectly detecting the eating gestures. Nutritional information of food items need to be captured from the information provided on the containers through bar code scanning or other viable methods. Gesture or activity recognition systems using wearable sensors, like accelerometer and gyroscope can be used in automatic diet monitoring [Amft et al. 2005 [Consolvo et al. 2008] using accelerometer or gyroscopes which sense the ADLs, like sitting, standing, walking, running, etc. and calculate the energy expenditure based on some pre-defined standards [Bourke et al. 2007] . The system described in [Amft et al. 2005 ] uses motion sensors attached to wrist and upper arm to differentiate eating and drinking gestures from other arbitrary gestures using HMM with an average accuracy of 94%.
In BALANCE [Denning et al. 2009 ] the calorie content of a food item has to be manually entered, but the system is capable of automatically detecting the calorie spent in daily activities with the help of inertial sensors worn on the body. There are smart systems capable of collecting nutritional information of food items through barcode scanning or voice recording. A PDA based application [Siek et al. 2006] has been developed to assist people with low literacy skills and suffering from chronic kidney diseases to monitor their food intake and their nutrition values. HyperFit [Järvinen et al. 2008 ] is a system which uses smart phone camera attached with a special lens for barcode scanning of food items. Both systems discussed above only allow diet monitoring while BALANCE [Denning et al. 2009 ] also takes into account the kind of activities the user is performing.
There are several smartphone based systems developed for diet monitoring that use pictures taken using a smartphone camera which capture the quantity of food intake [Järvinen et al. 2008] . DietSense [Reddy et al. 2007] uses ImageScape software to process large set of such images. There is a PDA based system [Wang et al. 2006 ] which uses camera to take the pictures of daily food items and send it to the dietitian for further assessment. HealthAware [Gao et al. 2009 ] uses accelerometer and GPS embedded in a smartphone to monitor activities and the camera to analyze food items intake. User needs to manually enter name of a food item and the system will calculate the calorie based on stored database.
The second approach to control obesity works by encouraging the user to carry out fitness activities. TripleBeat [Oliveira and Oliver 2008] uses real-time musical feedback and persuasion technique to encourage a user to achieve his fitness goal. The system consists of ECG sensors to monitor the HR and ability to pace and accelerometer to measure movements during run. Another such system is UbiFit Garden [Consolvo et al. 2008] which uses smartphone to encourage healthy life style. UbiFit Garden uses classifiers that are trained to differentiate walking, running, cycling using an elliptical trainer and stair machine with the help of 3-d accelerometer and barometer. ExerTrek [Ho and Chen 2009 ] is a system for monitoring exercise and exercise-time HR and it provides real-time online feedback immediately to the user regarding their heart status and any abnormalities.
There are many commercial mobile apps available in the market which tracks user activities and helps them to shed extra weights. Nike+ Running, RunKeeper, Sports Tracker, Sportypal are some of the free apps available for apple iPhone that can record distance, pace, and duration of running while some of them provides audio feedback at every mile. Some of these apps provide the facility to tag the Facebook friends and to share a map of route travelled during exercise with friends and family. Runtastic PRO and Endomondo Sports Tracker PRO are some of the paid fitness monitoring apps available for iPhone and Android.
A brief summary of pervasive healthcare solutions to monitor and control obesity have been discussed in Table 12 .
DISABLED HEALTHCARE
The International Classification of Functioning, Disability and Health (ICF) define disability as "an umbrella term for impairments, activity limitations and participation restrictions". Disability can be congenital or it can be introduced due to some illness or falls at a later stage of life. Now a days, the rates of disability are increasing in part due to ageing populations and an increase in chronic health conditions. People with disabilities have less access to health care services and therefore experience unmet health care needs. Pervasive healthcare can provide a continuous monitoring and support service for disabled individuals. An extensive coverage of multiple disabled healthcare systems have been provided in Table 13 .
Bus identification system [El Alamy et al. 2012] for visually impaired person uses radio frequency tags and reader to help visually impaired patients. Another system called PERCEPT also uses RFID technology for indoor navigation system for visually impaired or blind persons [Ganz et al. 2012] . The system Drishti [Hela et al. 2001 ] [Ran et al. 2004 ] is for both indoor and outdoor navigation of a visually challenged person. Ultrasound tags and GPS are used as sensors in this system. Another system [Roberts et al. 1999] for disabled people suffering from spina bifida uses infrared remote control to reduce the pain to some extent.
OPEN CHALLENGES
Pervasive healthcare systems face many challenges. They are partially addressed [Al Ameen et al. 2012] [ Meingast et al. 2006 ] [ Alemdar and Ersoy 2010] , but still a lot of them remain to be addressed. We elaborate them in the remaining sub-sections.
Security and Privacy
Patient's vital signs and medical records captured by health sensors are transferred via different wireless connections and through Internet. This involves plenty of security and privacy risks for the patients. An attacker can eavesdrop on wireless channel to listen or to modify user's private health data with malicious intent. The security requirements of healthcare systems are confidentiality, data integrity, accountability, availability, and access control. Proper user authentication and authorizations should be included to ensure better control of rightful user over his private data. Moreover, the WBANs consisting of multiple third party health sensors make it easy for malicious adversaries to launch security attacks which include compromising or paralyzing body sensors and WBAN gateways. Also, applications which track the location of a patient or person if compromised may lead to grave consequences. So, challenges lie in protecting the privacy and confidentiality of sensitive health information of individual user's with efficient encryption techniques. Also, to ensure security over the medley of third party wireless sensors is extremely challenging.
Reliability
Reliability should be ensured at different stages, such as, data acquisition, data transmission, and data processing. Sensors responsible for data acquisition are resource-constrained and failure-prone devices. At times, they behave arbitrarily and may produce incorrect readings. Also, wireless communication channels are errorprone due to interference and path fading, and multi-hop routing paths are not stable because of user mobility. Due to all these reasons BANs may produce and transmit inaccurate information which can be misleading, resulting in inaccurate diagnosis, unnecessary monetary cost, and even loss of lives. Sometimes, multiple sensors are necessary to ensure data reliability not achievable by using single sensor node.
Efficiency / Power Management
Major components of a health monitoring system, such as the sensor nodes, wireless gateways, and the smartphones are resource-constrained entities with limited power supplies. The algorithms embedded in them must be highly efficient so as to enable long-term as well as outdoor monitoring and continuous data collection.
Mobility
Supporting user mobility is another important challenge for wireless health monitoring systems. Quality of life of users can only be maintained if the healthcare system does not restrict his mobility in the name of patient monitoring. Wireless BAN consisting of sensor and wireless technology mostly ensures user mobility. However, still many challenges remain in developing a fully-functional mobile wireless BAN with high
Heterogeneity
Ease of deployment is another challenging issue in sensor based healthcare system. Multiple third party sensor nodes with varied features are brought in the same platform to work together. New or replacement sensors brought in should be able to easily integrate with the existing infrastructure.
Miscellaneous
Health monitoring systems are meant for elderly individuals, children, or other patients and should be user-friendly and easy-to-use. They should be context-aware or context-triggered in which they start operating or fully functional on detection of abnormalities in particular vital signs. Even if the user forgets or becomes unable to provide necessary inputs, the system should have proper automation to act correctly on its behalf. Wearable sensors should be unobtrusive and largely non-invasive. Making pervasive healthcare solutions to each and every individual in need is another social challenge. Moreover, in rural and remote areas, poor or unavailable data communication services, like 3G may hamper data transmission to central servers.
CONCLUSION
In this paper, we have presented a comprehensive survey of different tools and techniques used in Pervasive healthcare in a disease-specific manner. We have covered the major diseases and disorders that can be quickly detected and treated with the use of technology, such as fatal and non-fatal falls, Parkinson's disease, cardio-vascular disorders, stress, etc. We have discussed different pervasive healthcare techniques available to address those diseases and many other permanent handicaps, like blindness, motor disabilities, paralysis, etc. Moreover, a plethora of commercially available pervasive healthcare products have been listed in Table 14 . Our paper provides an overall understanding of the various aspects of pervasive healthcare with respect to different diseases. We have also identified several open challenges associated with pervasive healthcare research for the benefit of future researchers.
JUNKER, H., LUKOWICZ, P. AND TROSTER, G., 2004. Continuous recognition of arm activities with body-worn Reflex Sympathetic dystrophy syndrome (RSD), for visually impaired-Indoor positioning system for moving objects for indoor sports, Bus Identification, fall detection of elderly [Tzeng et al. 2010] [ Selvabala and Ganesh 2012] IR Sensor Floor Fall detection High power consumption, Less secure than wired connection but high data rate (54 Mbps in 802.11g and 540Mbps in 802.11n) ANT [Wetherall et al. 1998 ] [Jayashree et al. n.d.] WSN, WPANs, and WLANs 30 meter line of sight Low overhead, ultra-low power, interference-free characteristics, low data rate. Applications in the health, home automation, and industrial sectors. RFID [Weinstein 2005 ] [Garfinkel et al. 2005] [Nath et al. 2006] Readers identity electronic tags from a long distance 20-100 meters for active RFID tags. No line-of-sight is needed.
Active tags are larger and more expensive, passive tags are smaller and inexpensive. Tags can be read by other than owner without any knowledge.
Infrared
Bi-directional data transfer for computing devices Up-to 5meters only in the "line of sight". IR signals cannot penetrate obstructions.
Supports up-to 4 Mbps data rate.
ZigBee (IEEE 802.15.4) [Salman et al. 2010] WPANs 10-100 meters Low powered, decentralized architecture, secure networking using 128 bit symmetric encryption key. More battery life than Bluetooth devices. Network joining time ~30 msec Pre-therapy and post-therapy recordings from monitors will be used to assess the efficacies of alternative treatments for Gait abnormalities Child may not always wear it and so accurate data will not be recorded.
[ Lai et al. 2010] accelerometer, Neck, waist Left/rightwrist, left/ right-thigh
Multiple acceleration based FD Self-learning system -so detection rules can be adjusted for each person's specific motion behaviors
Cannot correctly determine the situation of body after collision, person-specific -cannot be done using single sensor system [Diraco et al. 2010] Video sensor (video camera)
Room
Active vision system for FD and posture recognition 
Child care training system for child minders to improve care quality
Overhead and subjective views are presented to the user for understanding position of child free-play
Simulating actual behavior may be difficult [Cann et al. 2012 ] [Pruette et al. 2013] BP monitor,
Mobile BP telemanagement system for children with hypertension
Monitor BP symptoms and provide education on Hypertension in the home environment
Child may not handle equipment himself so a caretaker may be needed ----------------------------------Displaying Computerized ECG recordings and vital signs on windows phone 7 Smartphones (WIN7)
WIN7 with capacitive touch screen is easier to operate than older ones. Real time HR data will be sent to central monitoring station.
Viewing ECG on small smart phone display is difficult to see for elderly people. WIN7 does not support useful TCP socket. 
3-D Electrodes array
Cardiac-marker monitoring system containing sensors is mounted on patient's forearm Design and development of mobile cardiac marker monitoring system for prevention of myocardial infarction Non-invasive, lightweight, small and real-time monitoring -results can be produced within 15 minutes This system is a POCT (point-ofcare-testing) device which can take rapid measurements but often results are not accurate It finds the optimal time to wake you up during a 30 minute window that ends at your set alarm time.
Phone's placement should be checked before sleeping.
Stress Check
Phone's camera iOS Stress check to manage your emotional and physical stress level.
By measuring HR variability(HRV) using iPhone's built-in camera, level of stress can be estimated in just 2 minutes anywhere, anytime.
Phone's placement should be checked before sleeping. No need to touch the camera to monitor HR. Analyzes HR data to provide a fitness level rating and also estimates potential life expectancy. -----------------------
Runtastic

